Shipping activity has increased worldwide and maritime administrations are trying to enhance risk mitigation strategies by using proactive approaches. We present and discuss a conceptual framework to minimize potential harm based on a multi-layered approach which can be implemented in either real time for operational purposes or in prediction mode for medium or longer term strategic planning purposes. We introduce the concept of total risk exposure which integrates risk at the individual ship level with vessel traffic densities and location specific parameters such as weather and oceanographic conditions, geographical features or environmental sensitivities. A comprehensive and robust method to estimate and predict risk exposure can be beneficial to maritime administrations to enhance mitigation strategies and understand uncertainties.
Introduction
Most global trade is carried by sea, and shipping activity has increased by more than 300% since 1970 (UNCTAD, 2011) . Increased shipping activity can pose potential harm to property, life and the marine environment. The goal of any regulatory authority at the port state or coastal level facing increased traffic is to mitigate potential harm and to gain a better understanding of or quantify uncertainties. Current approaches found in shipping show some limitations. Individual safety qualities of vessels are not considered and all vessels are treated equally which is unrealistic given that safety quality at the ship level can vary considerably (Heij and Knapp 2012 , Knapp 2006 . Underlying location specific environmental criteria such as the effect of wind, wave and currents are omitted due to the complexities involved in modelling their effect. Alternative approaches do not allow a dynamic or semi-dynamic implementation for a specific area with flexible spatial resolution. Furthermore, uncertainties in the estimates are not identified nor quantified (Merrick and van Dorp, 2006) .
We propose an alternative conceptual framework to facilitate maritime risk assessment which may also assist to mitigate potential harm. The basic idea employed here is that total risk exposure (potential harm) can be best described as the combination of risk layers as follows: 1) ship specific risk as proxy to safety quality, 2) vessel traffic densities, 3) location specific physical environmental parameters such as wind, wave, currents and bathymetry, 4) other environmental factors such as sensitivities to pollution; and 5) intervention effects of risk control options (RCO) which can be deployed to mitigate risk ( Figure 1 ). We define total risk exposure as the integration of the above described risk layers into a set of metrics given a spatial area. Each maritime administration can choose from a set of RCO to mitigate total risk exposure to an acceptable level of residual risk. In this context, we do not consider the effect of wind, waves and currents at the individual ship level (Heij and Knapp, 2014) due to the complexities involved with integrating these components into safety quality aspects of a particular vessel but we endeavor to account for the combined effect of the physical environmental layer on specific incidents such as drift groundings.
There are many types of risk exposure endpoints one could consider such as expected numbers of incidents, oil on water or on the coast or damages quantified in monetary terms. Due to the complexities involved in modelling physical environmental criteria (currents, waves and wind) and their combined effect towards drifting of large vessels or oil trajectories, we excluded this layer for now but its importance is recognized in the general framework presented here and is subject to additional research currently being carried out. We also briefly refer to use of expert knowledge for layers related to quantifying the effect of environmental sensitivities or the effect of risk control options by means of expert knowledge which are part of the conceptual framework. We feel that implementation aspects are important if used in practice by a regulatory authority. As such, the proposed method puts an emphasis on application aspects in real time (for operational vessel traffic management) or in prediction mode (for long term strategic planning) in the future. One major difference to other approaches is that in combining the first two layers, we capture the individual safety quality of a vessel in addition to vessel traffic densities rather than estimating risk based on the geometry of vessel traffic. It is believed that 80% of all navigational incidents are somehow related to human error (Hansen, 2007) , hence the safety quality of a particular vessel is assumed to be more important in most incident cases. The proposed approach can be extended to other types of incidents beyond to what is presented here.
Besides discussing the conceptual framework, we also provide a proof of concept for the integration of the two first risk layers -that is ship specific risk with traffic densities based on a pilot project conducted in collaboration with the Australian Maritime Safety Authority (AMSA). In the pilot, we also included one of the risk control options in place (port state control inspections which can be quantified using quantitative methods) based on Knapp 2009 ) and demonstrate the intervention effect on total risk exposure. In addition, we consider two endpoints -
RISK LAYERS (FACTORS):
Layer 1: Ship specific risk (as proxy to safety quality) Layer 2: Vessel traffic densities (e.g. nautical miles travelled, days at sea, collision candidates) that is expected number of incidents and the quantification of damages in monetary terms based on (Heij and Knapp 2012) . We denote the latter as monetary value at risk (MVR) which is estimated at the ship level and in aggregated form can be interpreted as risk exposure (proxy to potential harm)
to be mitigated by a maritime administration excluding damages to the marine ecology or damages to cultural heritage which cannot be quantified in monetary terms.
We first discuss the theoretical framework and provide a methodology to estimate total risk exposure. We then present a simple proof of concept to demonstrate application aspects. Our conclusions will provide recommendations for future research to extend the approach further and add additional risk layers.
Theoretical framework to estimate total risk exposure

Basic concepts
Spatial analysis methods are utilised in many applications (de Smith MJ et al., 2013) but are not routinely used in the context of maritime risk assessment. The availability and quality of data dictates the degree to which reliable spatial analyses can be carried out. However, these techniques are specifically designed to evaluate where events occur and may be very useful in the analysis of incidence probabilities as they relate to traffic densities.
Aggregated statistical summaries of incident data provide a starting point to introduce the general concept and also to provide a set of definitions. Let's say historical data reveal that we have observed 10 serious collisions within a study region of interest over a 5 year period. If our study area is (say) 3 million square nautical miles, a very basic estimator of the intensity rate would be 2 per 3,000,000 nm 2 per year. Of course, we would naturally want to know much more than this
including: how precise is this estimate; how can this estimate be used to predict what will happen next year; does this rate differ by sub-region; what are the underlying factors causing (or associated with) the intensity rate, etc. The type of data behind this simple example above is referred to as spatial point pattern data and the corresponding statistical measure is referred to as the intensity of a point process. Intensity is the average density of points or expected number of points per unit area which may be either constant (homogenous) or may vary from location to location (inhomogenous).
Investigation of the intensity is one of the first steps in analysing point pattern data. Formal definitions and techniques for investigating the intensity, have been well established (Badderly, 2010) and are included here in order to set the scene.
More generally, the study area is a compact region W ⊂ ℝ 2 in which we observe a realisation of a spatial point process X. Our main interest is to determine the expected number of points from X that would be expected to fall into W or more generally, any sub-region B of W, E[N(X ∩ B)]. For a homogenous point process X, the expected number of points in B is proportional to the area of B:
where the constant of proportionality λ is the intensity. Intensity units are numbers per unit area (length −2 ). In the simplified case of a homogeneous point process, an unbiased estimator of λ would be equal to n(x)/area(B), n(x) is the number of points observed in area B.
In the context of maritime risk assessment, the intensity of a point process such as serious collisions will vary from one location to another. In other words, X is more likely to be an inhomogeneous process. The expected number of points falling into a small area du around a location of interest u is equal to λ(u). Then the intensity of the process can be described as a function whereby the number of points in B will be:
Standard statistical regression techniques are available to model the intensity function in order to better understand a spatial point process. For example, an inhomogenous spatial Poisson model can be used to model intensity as a loglinear function of traffic density:
where β 0 , β 1 are parameters and Z(u) is a spatial covariate representing the traffic at location u.
Traffic at location u might be defined in any number of ways including the density of vessel movements or frequency of collision candidates (Montewka et al. 2011 , Hansen, 2007 . Similarly, the model might be extended to investigate additional spatial covariates considered to be associated with increased likelihood of risk exposure. For example, dynamic environmental factors such as wind, waves, or currents, or known geographical features such as areas identified as being difficult to navigate.
Unfortunately, datasets containing the data required to fit this type of model are limited in shipping, in particular incident data are often of adequate quality. Obtaining detailed historical data on the nature of maritime accidents such as precise location of the events is very challenging. In most instances, chains of events are not recorded properly. Another limitation with applying the standard spatial model here is that, as defined above, they do not allow for risk to vary at the ship level. For these reasons, an alternative framework is proposed that still facilitates investigation of the intensity function and follows the general aim of (3)
Alternative approach and future additions
To account for safety quality at the ship level, we propose to estimate various types and degrees of seriousness of incidents based on global incident data. For an individual ship (i) that enters the area of interest within the time frame of interest, we estimate the underlying risk (p i ) (a proxy for safety quality of a vessel) for a number of different endpoints such as for instance collisions or groundings. One could consider various methods such as logit models, survival analysis, Bayesian networks, classification trees etc. (Knapp, 2011 , Bijwaard and Knapp, 2009 , Hansen, 2007 for this purpose. In our approach, we quantify the safety quality of a vessel which combines human error and technical failures given a set of ship specific explanatory factors (age, size, ship type, flag, classification society, beneficial ownership, safety management company (the Document of Compliance Company), changes of ship particulars and ship management over time, past inspection and incident history).
Every time a vessel enters an area of interest, e.g. the Australian Exclusive Economic Zone (EEZ), a set of probabilities p i can be estimated dynamically for the vessel and attached to location specific parameters such as longitude and latitude. This allows ship-level risk to depend on location and derive risk at location u. One way to derive this is to define a spatial covariate that captures total risk exposure due to traffic generally as Z and partition annual ship-level risk according to the relative traffic exposure at each location of interest, such as
where Z i (u) represents the spatial process describing movement of ship i at any location u ∈ W (e.g. within the EEZ) and Z i is the total vessel activity for ship i in a single year. Z may be described as operation time at sea in days and then areas with high traffic exposure would correspond to areas where vessels spent prolonged periods of time. In principle, there will be many other metrics that can be considered for Z such as distance travelled, frequency of collision candidates, etc.
Following the same motivation as before, we are interested in understanding how the intensity might vary from location to location and attempt to derive the number of expected incidents in subregion B aggregated across all ships. One way of doing this is to define a grid G that partitions W into disjoint measurable sets S j ⊂ W of area a j for j = 1, . . . , J. The typical pixel grid is a rectangular array in which all pixels have the same area; pixels of unequal area will be necessary for the current application as the surface is curved. We are interested in estimating N j = N(X ∩ S j ) the number of points expected to fall in pixel S j and from (5) Additional research is currently being carried out in order to develop a model that can simulate vessel trajectories for large drifting vessels. Another area of active research deals with the quantification of the effect of risk control options by means of expert knowledge. In terms of endpoints, one could also integrate sensitive coastal areas (Carey et al., 2014) to account for ecological, social, cultural or economic damages due to pollution from ships beyond the monetary value estimated for damages which can be quantified in monetary terms. Similar to risk control options, this area is dominated by expert knowledge and associated challenges (Hayes, 2011) . In principle, each component can be incorporated into the overall framework by adding more terms to (5). In the pilot presented later, we demonstrate this for one selected risk control option (inspections which applies to all ships) as well as the quantification of an alternative endpoint (monetary value at risk).
Uncertainties
Before we can develop a method that can adequately characterise uncertainty, it would be important to further examine the use of traffic data. For example, rules for deriving traffic intensity and patterns for a given period should be further refined and then more efficiently coded to process the raw data and reliably derive the traffic metrics of interest. Moreover, once such tools are readily available, it would be interesting to analyse variation in year-on-year traffic. For example, whilst it is possible that the main shipping routes do not markedly change, it is very plausible that the relative intensity between shipping routes will vary from year to year and possible that new routes may open. It is therefore not surprising to read elsewhere that the dynamic nature of the process underlying maritime traffic is complex. (Vanek O et al., 2012) .
Developing a simple and reliable method to forecast traffic would also be a required input for predicting risk exposure in the future. The assumption inherently made by many maritime risk assessments involves a linear relationship between change in traffic over time and risk of groundings and increase according to square of the change for collisions (Cockcroft AN, 1976) .
These assumptions might be further investigated by re-analysis of existing time series data.
An important consideration is around uncertainty. One problem with current approaches in maritime risk assessment is that the decision maker is led to believe that the results are definitive and in no way uncertain. This is obviously not true. Firstly, we are assuming the simplified model, as outlined above, provides an adequate representation of reality. A method for understanding uncertainty is required. The general concept of uncertainty in assessment of risk assessment is well established in the literature (Hayes, 2011) including the various types of uncertainties. The majority of approaches to maritime risk assessment do not attempt to quantify uncertainty (Merrick, 2006 , Eide et al., 2007 . Furthermore, in the few cases where uncertainty intervals are provided, authors take great care to acknowledge the wide range of sources and assumptions made and highlight that complete quantification of uncertainty is not possible.
Uncertainties arise from input data, parameter estimates, as well as simplifications and assumptions used in the modelling approach. If qualitative methods are used based on subjective judgement, additional challenges arise. These could be due to different perceptions, beliefs and experiences and cognitive biases (Pidgeon et al. 1992 , Rohrmann 1994 , Kahneman & Tversky 1984 , Fischhoff et al. 1977 . Hence, several sources of uncertainty that might be considered under the framework presented earlier are as follows:
-traffic intensity and patterns within the area of interest model and applied to the ship tracks generated at each step of the simulation. A multi-year system simulation would be used to count the number of incidents and store the results of each event, i.e.
type of ship, location of incident, as well as any other information relating to input data from the model. By repeatedly running the simulation according to the uncertainty described by data and parameters mentioned earlier, uncertainty can be then propagated through the whole system.
Note that developing a traffic model for Z(u) is not the same as an alternative analysis that attempts describe the observed output of Z(u), for example at different snapshots over time. Developing a traffic model would be substantially more complex to implement (Vanek, 2012) whereas the latter would entail learning about the observed traffic during selected periods. Both kinds of approaches would be invaluable to maritime administrations. As pointed out by Merrick (2006) , the use of such a system simulation would also allow for the system-wide evaluation of risk reduction and risk mitigation effects potentially associated with the implementation of particular risk intervention measures. On the other hand, the alternative analysis would facilitate developing a time series model and provide a way to make forecasts for traffic.
Based on the theoretical framework presented, we present a proof of concept of the idea which combines the first two risk layers -ship specific risk and vessel traffic densities. We base this part on the outcome of a pilot study performed in conjunction with the Australian Maritime Safety Authority (AMSA) with the area of interest being the Australian Exclusive Economic Zone (EZZ).
We provide examples on how estimates can be presented either for real time applications or longer term strategic planning routines. Table 1 provides an overview of the data used with their data sources. Vessel traffic data was used from AMSA's Craft Tracking System (CTS) which combines all movement of crafts including ships. The CTS system also performs an automated identity check and verifies positions. As mentioned earlier, incident type models are based on Knapp (2006 Knapp ( , 2011 by means of binary logistic regression that allow the estimation of various types and degrees of seriousness of incidents for which a subset was selected and applied (collisions, groundings, main engine failures, steering gear failures and anchor and mooring failures). The incident type probabilities are to be interpreted as yearly probabilities but had to be calibrated using global incident rates (for the years 2006 to 2010) to compensate for a slight overestimation of the probabilities due to the creation of the underlying matrix to estimate the models. The underlying incident data comes from four different sources and was manually reclassified using IMO definitions for seriousness (IMO, 2000) . While
Proof of concept for integrating ship specific risk with vessel traffic densities
Data and risk components used
we do not present this here in the high level results, we can distinguish risk by main ship type such as general cargo, dry bulk, container, tanker, passenger vessels and other ship types. IMO, LMIU 2007 Calibration factors
Besides the incident type models as proxy for safety quality, we apply a methodology developed by Knapp et al. (2011) to estimate the effect of a port state control inspection (PSC) in decreasing incident type risk based on survival analysis where ship life cycles were analyzed. This is to demonstrate how risk control options available to a maritime administration can be incorporated into the general framework described earlier as presented in Figure 1 . The inspection effect becomes the ratio of survival probabilities with PSC to survival probability without PSC and is measured at the individual ship level. The effect of PSC inspections are larger on substandard ships compared to good quality ships.
To explore the possibility to express risk exposure in monetary terms, the methodology to estimate the monetary value at risk (MVR) developed by Heij et al. (2013) was used. MVR is a combination of the total insured value (TIV) of a vessel of five damage types (hull and machinery, life, oil pollution, third party liability and damages to cargo). The TIV values at the individual ship level are adjusted by a set of damage type probabilities for each vessel. MVR is best to be interpreted as an approximation of risk exposure in monetary terms to be mitigated by a maritime administration AMSA while in reality this figure will be higher since damages to the marine ecology or cultural
heritage cannot be quantified in monetary terms.
Derivation of vessel traffic parameters
Analysis of the CTS data was required in order to derive the shipping traffic pattern that forms the basis of the risk exposure methodology. The CTS dataset has to undergo a data cleaning routine in order to identify potential data errors and/or illogical values. This was necessary in order to obtain a dataset containing a clean and consistent set of ship tracks within the Australian EEZ.
The next step involves placing a spatial grid overlay with a 10' by 10' unit grid (approximately 100 square nautical miles) onto the area of interest and calculating total traffic observed within each grid. The grid resolution used at this step can be modified. Traffic parameters were combined together with individual ship level probabilities in order to derive a risk layer as follows. For each vessel, the corresponding set of ship-level incident probabilities were calibrated by the ratio of distance travelled in the EEZ divided by the average annual total ship miles expected for that vessel type (IMO, 2009). The approach is then carried out for all vessels based on the individual ship-level data. Note that there is marked variation between individual vessels in both ship miles travelled as well as underlying annual risk.
Similar calculations can be carried out based on a different traffic metric, e.g. operation time as defined by days at sea was also evaluated. Furthermore, in principle, there would be many different options for deriving individual ship-level calibration factors including more geometrically defined constructs such as number of collision encounters (also referred to as collision candidates). Such an approach would be more in-line with other conventional maritime risk assessment methods but was not considered further. In the future, we aim to introduce and evaluate a formal way of incorporating collision candidates into our framework. This step however involves extensive programming and is highly dependent on adequacy of the ship track data. Our approach outlined above provides a first step in combining two components of a potentially multi-layered risk assessment approach.
Results and model validations
The results presented here should provide an overview of the type of endpoints that can be considered as well as how they are visualized for either real time application or medium/long term strategic planning. For real time application, the ship specific probabilities can be linked to traffic data and displayed in real time (Heij et al., 2013) . If a high risk vessel approaches a high risk area or high traffic density area, automatic alerts could be triggered in operational systems. For medium to long term planning aspects, a maritime administration would be interested in estimating risk within its exposure area and to predict risk exposure given future traffic scenarios. Table 2 presents an example where we compare the expected number of incidents to that observed.
These results are based on 53 million observations of vessel positions, 43.6 million of nm travelled and risk profiles of 8,900 individual ships. It is worth noting that observed incidents are not accurate and should be treated with caution if compared by region due to the quality issues associated with incident data. Around 50% of the observations lack coordinates (lat/long) and it is difficult to associate them with a particular area. For ease of comparison, Table 2 presents total figures but the proposed methodology presented earlier can be applied to any spatial resolution of interest, e.g.
Great Barrier Reef, or a particular shipping channel etc. Location specific or regional aggregation including the best visualization of MVR needs further development and is therefore not presented here.
Spatial visualization of estimates is important for policy makers in order to understand the spatial dimension to risk exposure and to identity hot spots. Based on the proposed methodology, the results for expected numbers of incidents can be visualized spatially with flexible resolution (refer to Figures 2 to 4 for a resolution of approximately 10nm and Figure 5 for examples of 1nm). The expected numbers are calculated for each grid based on the safety quality of the ships that travelled in this area and the vessel traffic density which determines the ship specific risk exposure. The categories used to classify the risk levels are provided in Table 3 . Note that the thresholds were based on providing a roughly equal number of grid areas (e.g. ~200 for collision risk) for the 'moderate', 'high', and 'very high' categories. All of the grid areas remaining from the 31,835 grids defining the EEZ study area were then allocated to very low and low risk. The expected numbers of events appear very low as the associated area size (of a grid) is also very small (recall it is ~100 nm 2 ). The following interpretation is put forward to assist with comparing risk categories. Consider a plausible minimum counterfactual risk level whereby the entire study region was very low risk.
Under this scenario, the overall expected number of (say) collisions annually would be approximately equal to 0.5. Each of the risk categories above 'very low' risk can then be more easily compared. For example, 'high risk' is more than 130-fold higher than the baseline hypothetical counterfactual of 0.5 events per year. The notion of counterfactual exposure distributions is touched on further in concluding remarks.
In order to further gauge the face validity of our approach, the same risk maps also include an overlay of historical maritime incidents, all available recorded incidents occurring from January 1995 to June 2013. Note that this provides a comparison between outcomes that occurred in the past and estimated risk based on traffic intensity and patterns towards the end of this time series. A shorter time period (e.g. last 5 years or 10 years) would have been preferable but around 50% of the observations lack coordinates (lat/long). Therefore, a longer time period was needed.
Note that Figure 4 is more difficult to interpret since we use proxy variables (main engine failures, steering gear failures and anchor and mooring failures) to approximate drift groundings and where it is equally difficult to distinguish between drift groundings and powered groundings in the historical data. Despite all of these limitations, it is still of interest to assess whether maritime incidents have occurred where we might expect them to occur based on a relatively simple risk metric. Here we assume that the individual ship risk profiles of vessels trading in Australia has not changed considerably over time. Furthermore, location specific environmental conditions are not considered yet in the analysis. 
Conclusions and future research
The proposed conceptual framework provides a relatively straight forward approach to maritime risk assessment at the macro level. The major difference to other approaches is that we divide total risk exposure into risk layers which can be treated individually or in combined format. In such, the proposed approach allows the combination of the risk layers with flexible spatial resolution. One of its advantages is that it starts at the individual ship level in an attempt to quantify safety quality since risk is not homogenous across ships or areas. Combined with vessel traffic densities, this methodology can be implemented into traffic systems in either real time mode or used to estimate risk exposure expressed as various endpoints (e.g. estimated number of incidents, monetary value at risk).
Several extensions of this application include: to improve estimation of risk at different spatial scales; to assess risk over time; and to predict risk in the future given risk control scenarios. In theory, risk can be calculated for each of the main shipping routes in the future or for areas of interest to a maritime administration. Most important layer extensions to the framework presented here are therefore associated with location specific risk parameters such as risk control options or underlying environmental conditions (wind, waves and currents). Both risk layer components are currently being developed.
We also considered uncertainties and present various sources which would need to be considered if integrated into the general framework and more research is currently also dealing with this aspect.
We aim to further assess all sources of uncertainty either stemming from input data or arising from simplifications and assumptions used in the modelling approach. One of the key next future steps will be to address how uncertainty is best handled here although, in reality, we recognise that a complete assessment of uncertainty will never be truly attainable.
The taxonomy of counterfactual exposure distributions is used frequently in other application areas (Murray CJL and Lopez AD, 1999) and would also be very useful within the context considered here to further assist with interpretation of results from maritime risk assessment. For example, theoretical minimum risk is the exposure distribution that would result in the lowest total risk, i.e.
zero incidents, irrespective of whether currently attainable in practice. Plausible minimum risk refers to a distribution which is imaginable and feasible and is one that has been observed in particular sub-regions. Several other counterfactual distributions will be considered in the proposed framework here including the cost effective minimum risk in order to consider the cost of exposure reduction for a given set of RCOs. These definitions can be set according to the policy maker's perception of risk.
It is important to consider that risk assessment should allow for multiple approaches as each one will have its own strengths and limitations and will facilitate addressing different questions of interest of a maritime operation such as operational real-time monitoring of vessel traffic or medium or longer term strategic planning. Different approaches may be complementary, e.g. when a microlevel (mechanistic) model provides a better approach to quantify the effect of an intervention in a specific area while macro-level models allow real time applications for larger areas or strategic planning exercises.
